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Acid gas removal processing from natural gas, synthesis gas and refinery gas 
stream is very important in plant industry to prevent corrosion in the subsequent piping 
and as per required by users. Generally, the gaseous feedstock stream is contacted with 
alkanolamine aqueous solution countercurrently in the acid gas absorber tower. The 
acid gas will partly be converted to non-volatile ionic species by the basic amine and 
partly be dissolved physically in the liquid solution. Acid gas removal unit is very 
important in petrochemical processing plant.  
There had been great numbers of studies on the solubility of CO2 in 
methyldiethanolamine (MDEA) aqueous solutions. M. Vahidi used extended Debye-
Huckle model to explain on the solubility data of CO2 absorption in MDEA and 
Piperazine (PZ) at certain concentration, temperature and pressure. The average 
absolute relative deviation percent (AAD %) reported were 8.11%. 
Model of solubility of CO2 in MDEA aqueous solution using neural network 
model is presented. In this work, neural network was used to determine solubility of 
CO2 in MDEA + PZ solutions based on 3 experimental research data, M. Vahidi 
(Mehdi Vahidi, 2009), H. B. Liu (Hua-Bing Liu, 1999) and B. Si Ali (B. Si. Ali, 2004). 
Data prediction was conducted at different temperature and partial pressure and for 
various solution concentrations. The model developed has an absolute relative deviation 
of 3.047% compared to other papers; M. Vahidi with 8.11% deviation, B. Lemoine of 
7.84% and H. B. Liu with 11.6% error deviation. The model also not capable to 
extrapolate prediction of CO2 loading on zero promoter system due to the experimental 
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Acid gas absorption process is widely used in petrochemical processing 
industry. Generally, the gaseous feedstock stream is contacted with alkanolamine 
aqueous solution countercurrently in the acid gas absorber tower to absorb the acid gas 
(CO2 and H2S). The absorbent or alkanolamine is normally washed by steam stripping 
in the water stripper section for recovery. The acid gas will partly be converted to non-
volatile ionic species by the basic amine and partly be dissolved physically in the liquid 
solution. Acid gas removal unit is very important in petrochemical processing plant. It 
can cause cause corrosion to the pipeline because it can react with moisture to form a 
carbonic acid. Nowadays, among the most effective and economic acid gas removal is 
by using package blended amine, in this case MDEA in aqueous solution. This research 
focused on the percentage removal efficiency of CO2 based on parameters such as 
MDEA aqueous solution concentration in an absorption unit.  
There have been great numbers of investigations on the solubility of CO2 in 
MDEA aqueous solutions. M. A. Pacheco et al. (Manuel A. Pacheco, 2000) and Q. Zhi 
and G. Kai (Kai, 2009) studied the effect of the reaction kinetics and thermodynamic 
parameters interaction on the interfacial mass transfer rates of CO2. Both parties have 
developed a mathematical model to interpret and analyze the experimental data. Their 
modeling aid a lot in chemical technologies growth to create a more effective sour gas 
absorbent. 
Many studies also have been performed on the kinetics of reaction of CO2 with 
MDEA aqueous solution. Jiun-Jie Ko et al. (Jiun-Jie Ko, 2000) and Chin-Yuan Lin et 
al. (Chih-Yuan Lin, 2009) studied on the physical properties such as solubility and 
diffusivity of acid gases in amine solutions. This information is very important for 
rational design of the gas absorption unit. Both paper directly applied Versteeg and van 
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Swaaij (Versteeg, 1988a) in their study to calculate the corresponding solubility and 
diffusivity of CO2 in amine solution. 
M. Vahidi et al. (Mehdi Vahidi, 2009) used extended Debye-Huckle model to 
explain on the solubility data of CO2 absorption in MDEA of concentration (2.52, 3.36, 
and 4.28) kmol/m3, at temperature (313, 323 and 343) K and partial pressures ranging 
from about (30 to 5000) kPa. The effects of piperazine (PZ) concentration on CO2 
loading in MDEA aqueous solutions were determined at PZ concentration (0.36, 0.86 
and 1.36) kmol/m3. In this work, neural network model will be developed to predict the 
solubility of CO2 in MDEA-CO2-H2O system at various operating parameter and 
concentrations. The developed model later on will be used to predict MDEA system 
with and without the promoter and compare the performance of the established model 
with the experimental data based on error analysis. 
 
1.2 PROBLEM STATEMENT 
M. Vahidi et al has conducted an experiment at various temperatures, pressure 
and aqueous MDEA and PZ concentration, where the interaction parameters of activity 
coefficient model of these systems are determined. The results shows the beneficial 
mixture of piperazine (PZ) + MDEA to the CO2 loading is better. The average absolute 
relative deviation percent (dAAD) for all data points were 8.11% (Mehdi Vahidi, 2009). 
On the same experimental data from above paper by M. Vahidi et al. (Mehdi 
Vahidi, 2009), H. B. Liu et al. (Hua-Bing Liu, 1999) and B. S. Ali et al (B. Si. Ali, 
2004), the prediction with respect to artificial neural network model will be developed. 
The motivation of the studied system is basically to test the performance of neural 
network model respond to MDEA-CO2-H2O system with presence and absence of 
Piperazine in the system. 
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1.3 OBJECTIVE 
1. To develop a neural network model for MDEA-CO2-H2O system based on 
experimental data of M. Vahidi et al. (Mehdi Vahidi, 2009), H. B. Liu et al. 
(Hua-Bing Liu, 1999) and B. S. Ali et al (B. Si. Ali, 2004), the research paper 
studied on sour gas absorption in MDEA + PZ solution. 
2. To predict the model at different operating condition and to analyze on the 
performance at different experimental data.  
1.4 SCOPE OF STUDY 
This research paper mainly focuses on the solubility of CO2 in MDEA + PZ 
solution. It will partly cover on neural network model to study on the absorption of acid 
gaseous. B. Lemoine et al. (B. Lemoine, 2000) had studied on the solubility of CO2 and 
H2S in aqueous solution MDEA. They used the simplified Clegg-Pitzer equation for the 
modeling of the studied system. Back to the objective of this paper, the deviation is then 















2.1 ACID GAS 
Acid gas is natural gas or any other gas mixture which contains significant amounts of 
hydrogen sulfide (H2S), carbon dioxide (CO2), or similar contaminants. The terms acid 
gas and sour gas are often incorrectly treated as synonyms. For instance, a sour gas is 
any gas that specifically contains H2S in significant amounts whereas an acid gas is any 
gas that contains significant amounts of acidic gases such as CO2 or H2S. Thus, CO2 by 
itself is an acid gas but not a sour gas (Citizendium). This project mainly focus on CO2 
removal where will be discussed more afterwards. 
CO2 composed of two oxygen atoms covalently bonded to a single carbon atom. It is a 
gas at Standard temperature and pressure. It exists as a trace gas at a concentration of 
0.039% by volume in ambient. This gas involve in carbon cycle process which is known 
as photosynthesis. Plants, algae, and cyanobacteria absorb carbon dioxide, light, and 
water to produce carbohydrate energy for themselves and oxygen as a waste product. 
Carbon dioxide is also produced by combustion of coal or hydrocarbons, the 
fermentation of liquids and the breathing of humans and animals (Shakhashiri, 2008).  
As we all know CO2 is colorless, at low concentrations the gas is odorless and at higher 
concentrations it has a sharp, acidic odor. At standard temperature and pressure, the 
density of carbon dioxide is around 1.98 kg/m3, about 1.5 times that of air. At 1 
atmosphere, the gas deposits directly to a solid at temperatures below −78.5 °C and the 
solid sublimes directly to a gas above −78.5 °C. In its solid state, carbon dioxide is 
commonly called dry ice. Phase diagram of CO2 is as shown in Figure 2.1. 
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Figure 2.1 : Carbon dioxide pressure-temperature phase diagram  
 
The carbon dioxide (CO2) can cause global warming. Carbon dioxide doesn't absorb the 
energy from the sun, but it does absorb some of the heat energy released from the 
earth.  When a molecule of carbon dioxide absorbs heat energy, it goes into an excited 
unstable state.  It can become stable again by releasing the energy it absorbed.  Some of 
the released energy will go back to the earth and some will go out into space. So in 
effect, carbon dioxide lets the light energy in, but doesn't let all of the heat energy out, 
similar to a greenhouse (MSU Science Theatre, 1994). Furthermore, in natural gas, if 
more than 3% of CO2 composition contains, the gas is unmarketable. CO2 can also 
cause corrosion to the pipeline. Nowadays, among the most effective and economic acid 
gas removal is by using amine unit, in this case MDEA in aqueous solution. This 
research focused on the solubility of CO2 modeling in MDEA aqueous solution 
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2.2 ALKANOLAMINES 
The removal of acid gas such as carbon dioxide (CO2) is very important in industrial 
process. There are some numbers of inventions on this system, but the most commonly 
used method is amine system absorption unit such as by using diethanolamine (DEA), 
methyldiethanilamine (MDEA), etc. The method couples the physical absorption 
together with chemical reaction which partially changes the chemical in the solution 
into carbonates, bicarbonates and carbamates depend on the type of amine used (M. Z. 
Haji-Sulaiman, 1996).  
In this work, MDEA will be used as CO2 carrier. Methyldiethanolamine (MDEA) 
solutions nowadays have found an increased used with advantages of H2S selective 
removal and lower enthalpy of reaction and vapor pressure compare to primary and 
secondary alkanolamines aqueous solutions. Shown below in Figure 2.2 is the 




Figure 2.2: Molecular structure of 
methyldiethanolamine (MDEA) 
 
Versteeg and Van Swaaij have studied that the absorption of CO2 into MDEA aqueous 
solution could be described completely as a physical absorption. It was almost identical 
to the absorption of N2O, corrected for the differences in physical constants, in the 
same solution. Moreover, the total amount of CO2 absorbed was nearly the same as the 
amount which can be physically dissolved in this solution. They were able to ascribe the 
differences completely to the presence of primary and secondary amine impurities 
(Versteeg, 1988a). 
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2.3 ABSORPTION PROMOTER 
Due to low reaction rate of the CO2 absorption by alkanolamines, promoters or 
activators are needed to improve the removal process. The following compounds can be 
used to increase the reaction rate: 
 Formaldehyde  
 Methanol  
 Phenol  
 Ethanolamine  
 Arsenious acid  
 Glycine  
 Hinderd amine  
The general mechanism for promoted solutions is as below: 
CO2 + promoter ⇋ intermediate 
intermediate + OH-⇋ promoter +HCO3- 
The addition of a primary or secondary amine to a tertiary amine has found wide- 
spread application in the absorption and removal of CO2 from process gases. PZ is most 
active as promoter when used in combination with MDEA, therefore the most attention 
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In table 2.1 shows an overview of the chemical data of PZ. 
Synonyms: Piperazine Anhydrous, Diethylenediamine 
Molecular Formula: C4H10N2 
Formula Weight: 86.13 
Registry number: 110-85-0 
Density: 146 
Melting point: 108-112oC 
Boiling Point: 145-146oC 
Flash point: 82oC 
Structure: 
 
Table 2.1: Chemical data of piperazine 
PZ may be synthesized by, for example, reacting monoethanolamine with ammonia, or 
reacting ethylene oxide and NH3 and cyclizing the ethanolamines thereby obtained (M. 
Appl, 1980). The ability of a solvent to remove carbon dioxide is dictated by its 
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2.4 NEURAL NETWORK 
Neural Networks is a classification of Artificial Intelligence (AI) where we, by 
motivation from the human brain, find set of data structures and algorithms for 
education and organization of data. Many tasks that humans perform naturally firm, 
such as the recognition of a familiar face, proves to be a very complicated task for a 
computer when conventional programming methods are used. By applying Neural 
Network techniques a program can learn by examples, and create an internal structure 




The simple neuron model is made from studies of the human brain neurons. A neuron in 
the brain receives its chemical input from other neurons through its dendrites. If the 
input exceeds a certain threshold, the neuron fires its own impulse on to the neurons it is 
connected to by its axon. Below is a very simplified figure as each of the neurons of the 
brain is connected to about 10000 other neurons. (Nielsen, 2001) 
 








The simple perceptron models this behavior in the following way. First the perceptron 
receives several input values (x0 - xn). The connection for each of the inputs has a 
weight (w0 - wn) in the range 0-1. The Threshold Unit then sums the inputs, and if the 
sum exceeds the threshold value, a signal is sent to output. Otherwise no signal is sent. 
 
The perceptron can learn by adjusting the weights to approach the desired output. With 
one perceptron, it is only possible to distinguish between two pattern classes, with the 
visual representation of a straight separation line in pattern space (Illustration 8 Pattern 
Space). 
 
Figure 2.42 : Illustration of perceptron model 
 
The multilayer Perceptron (MLP) network 
 
Building on the algorithm of the simple Perceptron, the MLP model not only gives a 
perceptron structure for representing more than two classes, it also defines a learning 
rule for this kind of network. 
 
The MLP is divided into three layers: the input layer, the hidden layer and the output 
layer, where each layer in this order gives the input to the next. The extra layers give the 
structure needed to recognize non-linearly separable classes. 
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The threshold function of the units is modified to be a function that is continuous 
derivative, the Sigmoid function (Formula 4 The Sigmoid Function). The use of the 
Sigmoid function gives the extra information necessary for the network to implement 
the back-propagation training algorithm. Back-propagation works by finding the 
squared error (the Error function) of the entire network, and then calculating the error 
term for each of the output and hidden units by using the output from the previous 
neuron layer. The weights of the entire network are then adjusted with dependence on 
the error term and the given learning rate. (Formula 6 MLP Adapt weights) 
 
Training continues on the training set until the error function reaches a certain 
minimum. If the minimum is set too high, the network might not be able to correctly 
classify a pattern. But if the minimum is set too low, the network will have difficulties 
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Applications for Neural Networks 
 
Neural Networks are successfully being used in many areas often in connection with the 
use of other AI techniques. A classic application for NN is image recognition. A 
network that can classify different standard images can be used in several areas: 
 Quality assurance, by classifying a metal welding as whether is holds the quality 
standard. 
 Medical diagnostics, by classifying x-ray pictures for tumor diagnosis. 
 Detective tools, by classifying fingerprints to a database of suspects. 
 
A well known application using image recognition is the Optical Character Recognition 
(OCR) tools that we find available with the standard scanning software for the home 
computer. Scansoft has had great success in combining NN with a rule based system for 
correctly recognising both characters and words, to get a high level of accuracy1. 
 
All the network topologies and algorithms have their advantages and disadvantages. 
When it comes to understanding the spoken language the best found solutions use a 
combination of NN for phoneme recognition and an Expert system for Natural language 
processing, where neither AI technique can be adapted to solve the problem in whole. 
Kohonen himself succeeded in creating a 'phonetic typewriter' by using his self-
organising networks for the phoneme recognition and a rule base for applying the 
correct grammar. 
 
Another popular application for NN is Customer Relationship Management(CRM). 
Many companies have at the same rate as electronic data storage has become 
commonplace built up large customer databases. By using Neural Networks for data 
mining in these databases, patterns however complex can be identified for the different 
types of customers, thus giving valuable customer information to the company. 
 
One example is the airline reservation system AMT2 which could predict sales of 
tickets in relation to destination, time of year and ticket price. The NN strategy was well 
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suited for the purpose because the system could be updated continuously with the actual 
sales. 
 
In relation to the recent trends in Management strategies CRM has reached a high 
priority, because of the prospects of a successful CRM system adding value to the 
business in terms of not only better prediction of customer needs but also predicting 
which customers will be the most valuable for the company. 
 
Some rules of thumb exist for evaluating whether a problem is suitable for a Neural 
Network implementation: 
 There must be a large example dataset of the problem in order to be able to train 
the network. 
 The data relationships in the problem are complex and difficult or impossible to 
program using conventional techniques. 
 The output does not need to be exact or numeric. 
















3.1 PROJECT METHODOLOGY 
Figure 3.1 explain on the methodology steps of the project. 
 




Develop simplified neural network model 
Check the model with experimental data of 
the paper 
Predict the solubility of CO2 in MDEA-CO2-
H2O system using the developed model 
Conduct error analysis to the data obtained 
Compare the performance of the neural 
network prediction and sample experimental 
data  
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The systematic study of methods regarding this project covers 5 basic important steps 
which as shown above. For initiation of this study case, development of neural network 
model comes first. The model will be generated by using MATLAB software which is 
high-technical algorithm development software. The models covered are to determine 
the optimum number of neuron and also analysis of error to compare the performance of 
the models. 
After that, the model will be tested with experimental data from M. Vahidi et al. (Mehdi 
Vahidi, 2009), H. B. Liu et al. (Hua-Bing Liu, 1999) and B. S. Ali et al (B. Si. Ali, 
2004) research paper. This process is to ensure that the neural network model developed 
is valid. Mean square error and regression of the results will be calculated for each run 
and the the optimal neuron number is determined based on MSE and R obtained. (MSE 
= 0 = accurate; R = 1 = precise)  Then it will be used to predict the solubility of CO2 at 
different operating condition and also test on MDEA-CO2-H2O system without 
promoter when PZ = 0.  
Next, error analysis to the result data will be conducted to check the accuracy of this 
model, how it respond to system without introducing promoter. The analysis conducted 
will be based on the comparison of the experimental value and predicted value from the 
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3.2 GANTT CHART 












Table 3.1: Proposal Gantt Chart 
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Gantt chart is primarily a method by which time management for any activity is 
undertaken. It shows up a break up of how time is utilized when performing different set 
of activities while working on any project. It has a simple gapping representation of a 
project with start and end dates for each phases. Gantt chart is useful in the fact that it is 
understandable by a large number of audiences. It has many applications in all fields.  
From table above, basically there are 7 main item targeted to finish by this 
semester. From the table, 3 elements were targeted to complete before mid-semester 
break and planning others to completion afterwards. Further details regarding the project 
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3.3 SOFTWARE REQUIRED 
Throughout this project, the main software needed to run this model are: 
a) Microsoft Excel 
b) MATLAB 
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CHAPTER 4 
RESULT AND DISCUSSION 
To ensure the reliability of the experimental data, it is important that the data is taken at 
random for each run and the amount of training data should be kept constant. In 
development of this model, data for training is set to 60%, 5% for validation and 35% for 
testing.  Analysis on the mean square error and regression was performed at end of each 
run. Targeted MSE is 0 (most accurate) and R is 1 (most precise). For every run, the 
measured MSE and R were monitored and included in error analysis. Thus, the best 
number of neuron can be determined. Table below shows the number of neuron set in 
each run with MSE and R obtained.  
 
Neuron Epoch MSE 
(Training) 
R (Training) MSE (Test) R (Test) 
1 50 1.43E-02 9.23E-01 1.73E-02 9.22E-01 
2 115 3.04E-03 9.86E-01 3.53E-03 9.83E-01 
3 37 1.35E-03 9.94E-01 2.43E-03 9.88E-01 
5 46 1.26E-03 9.94E-01 2.63E-03 9.87E-01 
7 25 1.07E-03 9.95E-01 2.60E-03 9.86E-01 
10 60 6.53E-04 9.97E-01 1.96E-03 9.89E-01 
11 55 2.47E-03 9.95E-01 2.03E-03 9.81E-01 
12 43 3.07E-03 9.83E-01 7.39E-03 9.66E-01 
15 29 5.88E-03 9.74E-01 9.00E-03 9.55E-01 
20 8 2.09E-02 9.17E-01 2.19E-02 9.16E-01 
30 15 1.27E-02 9.43E-01 2.26E-02 8.85E-01 
Table 4.1 : Results 
 
From table above, the least MSE and R can be obtained when number of neuron is set to 
10 where mean square error = 6.53e-4 and regression = 9.97e-1. Further analysis of the 
result is as illustrated in graph below. 
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Figure 4.1 : Graph of MSE vs No. of neuron 
Figure 4.2 : Graph of R vs No. of neuron 
 
Hence, for this neural network model, extremum neuron can be obtained at 10, which the 
model would give the minimum MSE and maximum value of R. The epoch obtained at 
this neuron number is at 60; when the network built has provide an optimal generalization 
performance. The general form of this model can be classified as early-stopping 
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generalized well. Over-fitting occurs when epoch number reaches 1000 which the models 
or equations generated for the data is too many and cannot be generalized. 
The deviations of the model toward solubility of CO2 are as shown below, the first figure 
is the targeted output value and secondly is the predicted value generated from the model. 
Figure 4.3 : CO2 loading target 
 Figure 4.4 : CO2 loading result 
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Thus, the comparison of CO2 loading from prediction and experimental data is obtained. 
Results from MATLAB shows that the error is ranging from -0.1293 to 0.1544. So, graph 
below illustrate the deviation of the prediction data.   
Figure 4.5 : Error analysis of CO2 loading from experimental data and prediction from 
neural network model 
A small error of deviation is observe and the mean square error = 6.53e-4 and regression 
= 9.97e-1is obtained, it shows that the model generated is effective to predict the 
solubility of CO2 in MDEA+PZ system and helpful in study of vapor-liquid equilibrium 
behavior related to MDEA-CO2-H2O system. AAD reported from the model is 3.047% 





















Deviation (Calc - Target) 
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Table 4.2: Prediction result of MDEA-CO2-H2O system with other papers 










*This work 1.35-4.77 0.01-1.55 303-363 0.06-3938.40 3.047 
M. Vahidi et al 2.52-4.28 0.36-1.36 313-343 30-5000 8.11 
B. Lemoine et al 1.98 0 297.7 20-1636 7.84 
H. B. Liu et al 1.35-4.77 0.17-1.55 303-363 13.16-935.3 11.6 
ܣܣܦ% = 	 (ܥ݈ܽܿ	ܸ݈ܽݑ݁ − ܧݔ݌	ܸ݈ܽݑ݁)
ܧݔ݌	ܸ݈ܽݑ݁
× 100% 
From the table, the temperature variance is from 303 – 363 (K) which the same range as 
H. B. Liu et al. which is the widest range and pressure from 0.06 – 3938.40 (kPa), which 
is the pressure range used during the training process. It can be seen that the prediction 
results for our own model was more accurate comparing to other model which are 
3.047% deviation. The other models reported with higher deviation compare to neural 
model which we can conclude that neural network model is a great method to predict the 
solubility of CO2 in MDEA+PZ system. 
Furthermore, other model was developed including data points in absence of Piperazine 
in the amine aqueous solution, PZ=0. 28 experimental data was added to the system for 
training process which gives total data for modeling of 256 data. Same method was 
applied in the model development with neuron number set to 10 for the model simulation. 
The behavior of the model towards CO2 loading prediction is as follow. 
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 Figure 4.5 : Comparison of CO2 loading from experimental data and prediction from 
neural network model 
 
Figure 4.6 : CO2 loading prediction at PZ=0 
The diagram above represents the prediction of CO2 when PZ is set to zero and the 
performance reported is 44.72%. There are large discrepancies among the measured data 
and the experimental solubility data from different authors. The artificial neural network 
model developed can be used only to correlate the CO2 solubility of MDEA + PZ system. 
But the model cannot be used to predict the system in absence of PZ in this case. On 


































  25 
 
CHAPTER 5 
CONCLUSION & RECOMMENDATION 
The current processes for CO2 absorption are used on a large scale. Most processes are 
based on well-known data and mostly refer to research paper established by many ways 
of modeling. In this project, the main focus will be on performance comparison of CO2 
solubility in MDEA+PZ aqueous solutions and MDEA aqueous solutions by a well-
known model approach; which is artificial neural network model to predict the solubility 
of CO2 in MDEA-CO2-H2O system. 
 
In this study, the new correlation data of the solubility of CO2 were obtained from the 
neural network model developed of MDEA-PZ-CO2-H2O system at AAD of 3.047%. 
Concentration of MDEA in this work are from (1.35-4.77) kmol/m3 and concentration of 
PZ from (0.01-1.55) kmol/m3 when the temperature are (303-363) K and partial pressure 
of CO2 from (0.06-3938.40) kPa, respectively. Comparing the range of CO2 loading with 
the study done by Vahidi, Lemoine and Liu this study shown a wider range of prediction 
data and better model prediction. However, this model is not capable to predict in a zero 
promoter system. 
 
There are two recommendations that can be applied to improve this mathematical system. 
The first method is by adding more experimental data to the system so that the neural 
model can learn the patterns of the output more accurate and precise and make sure that 
the models were trained at every operating parameter as the extrapolation prediction will 
be more accurate. Secondly, to predict on zero promoter system, a different new model 
need to be developed and the data range should only consist of experimental data without 
the promoter. 
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Experimental Data of M. Vahidi research paper 
T (K) P (kPa) C1(kmol/m3) C2(kmol/m3)  Α(Target) A(Predicted) %Deviation 
313.15 30.50 2.00 1.36  0.560 0.542 -3.160 
120.20 2.00 1.36  0.830 0.834 0.538 
285.00 2.00 1.36  0.960 0.946 -1.510 
553.90 2.00 1.36  1.010 1.016 0.554 
783.40 2.00 1.36  1.050 1.045 -0.509 
1153.00 2.00 1.36  1.080 1.081 0.062 
1703.90 2.00 1.36  1.150 1.137 -1.107 
2063.10 2.00 1.36  1.200 1.179 -1.760 
2495.40 2.00 1.36  1.230 1.232 0.197 
2688.40 2.00 1.36  1.260 1.257 -0.274 
3169.00 2.00 1.36  1.300 1.313 0.974 
3673.70 2.00 1.36  1.360 1.357 -0.189 
328.15 45.70 2.00 1.36  0.460 0.467 1.498 
115.40 2.00 1.36  0.610 0.618 1.348 
233.30 2.00 1.36  0.720 0.712 -1.106 
535.20 2.00 1.36  0.850 0.836 -1.703 
750.30 2.00 1.36  0.890 0.882 -0.952 
1017.90 2.00 1.36  0.930 0.920 -1.108 
1306.70 2.00 1.36  0.960 0.952 -0.813 
1736.30 2.00 1.36  0.990 0.995 0.478 
2092.00 2.00 1.36  1.010 1.027 1.659 
2548.60 2.00 1.36  1.040 1.064 2.329 
2987.70 2.00 1.36  1.070 1.097 2.518 
    
 
343.15 51.60 2.00 1.36  0.380 0.452 18.918 
144.70 2.00 1.36  0.560 0.589 5.165 
336.30 2.00 1.36  0.720 0.713 -0.998 
589.40 2.00 1.36  0.790 0.794 0.546 
832.10 2.00 1.36  0.840 0.835 -0.589 
1311.20 2.00 1.36  0.900 0.908 0.863 
1787.00 2.00 1.36  0.940 0.959 2.030 
2149.60 2.00 1.36  0.960 0.982 2.298 
2521.20 2.00 1.36  0.980 1.003 2.346 
2997.00 2.00 1.36  1.030 1.030 0.032 
313.15 27.80 2.50 0.86  0.430 0.453 5.259 
135.30 2.50 0.86  0.810 0.789 -2.575 
344.90 2.50 0.86  0.940 0.922 -1.889 
555.20 2.50 0.86  0.990 0.978 -1.197 
788.30 2.50 0.86  1.020 1.012 -0.756 
1059.20 2.50 0.86  1.050 1.043 -0.688 
1433.60 2.50 0.86  1.080 1.083 0.324 
1825.90 2.50 0.86  1.120 1.127 0.592 
2266.50 2.50 0.86  1.160 1.172 1.024 
2810.50 2.50 0.86  1.220 1.216 -0.310 
3258.60 2.50 0.86  1.260 1.241 -1.487 
3938.40 2.50 0.86  1.310 1.266 -3.337 
328.25 38.80 2.50 0.86  0.320 0.368 14.993 
106.40 2.50 0.86  0.530 0.545 2.752 
236.00 2.50 0.86  0.690 0.666 -3.415 
    
 
427.70 2.50 0.86  0.780 0.772 -1.024 
682.80 2.50 0.86  0.850 0.851 0.121 
911.00 2.50 0.86  0.880 0.890 1.186 
1281.90 2.50 0.86  0.930 0.928 -0.197 
1782.50 2.50 0.86  0.970 0.964 -0.578 
2108.60 2.50 0.86  1.000 0.986 -1.405 
2465.70 2.50 0.86  1.030 1.009 -2.009 
2990.40 2.50 0.86  1.070 1.044 -2.395 
343.15 41.20 2.50 0.86  0.280 0.349 24.713 
99.80 2.50 0.86  0.450 0.471 4.659 
214.30 2.50 0.86  0.590 0.578 -2.053 
385.30 2.50 0.86  0.700 0.687 -1.831 
616.20 2.50 0.86  0.780 0.768 -1.535 
870.00 2.50 0.86  0.830 0.810 -2.459 
1276.80 2.50 0.86  0.880 0.862 -2.097 
1640.10 2.50 0.86  0.910 0.907 -0.289 
2014.50 2.50 0.86  0.930 0.935 0.490 
2408.90 2.50 0.86  0.950 0.954 0.422 
3023.20 2.50 0.86  1.010 0.985 -2.464 
313.15 34.00 3.00 0.36  0.430 0.435 1.191 
74.00 3.00 0.36  0.640 0.619 -3.302 
203.60 3.00 0.36  0.840 0.798 -4.961 
384.20 3.00 0.36  0.910 0.901 -1.001 
689.00 3.00 0.36  0.970 0.972 0.202 
871.70 3.00 0.36  0.990 0.994 0.393 
    
 
1030.30 3.00 0.36  1.000 1.009 0.903 
1404.00 3.00 0.36  1.040 1.039 -0.056 
1810.70 3.00 0.36  1.060 1.069 0.831 
2225.80 3.00 0.36  1.090 1.097 0.676 
2869.10 3.00 0.36  1.160 1.148 -1.065 
3268.30 3.00 0.36  1.210 1.190 -1.623 
3850.90 3.00 0.36  1.280 1.285 0.400 
328.15 43.00 3.00 0.36  0.230 0.345 49.787 
95.40 3.00 0.36  0.430 0.484 12.579 
102.90 3.00 0.36  0.440 0.496 12.706 
220.80 3.00 0.36  0.630 0.620 -1.537 
357.40 3.00 0.36  0.720 0.714 -0.787 
601.40 3.00 0.36  0.810 0.816 0.691 
845.50 3.00 0.36  0.850 0.870 2.330 
1238.50 3.00 0.36  0.900 0.912 1.289 
1641.80 3.00 0.36  0.940 0.937 -0.281 
1967.30 3.00 0.36  0.970 0.958 -1.254 
2452.60 3.00 0.36  1.010 0.994 -1.554 
2943.50 3.00 0.36  1.060 1.044 -1.503 
343.15 36.00 3.00 0.36  0.280 0.262 -6.386 
157.80 3.00 0.36  0.430 0.455 5.772 
326.70 3.00 0.36  0.590 0.591 0.113 
514.90 3.00 0.36  0.690 0.698 1.199 
735.50 3.00 0.36  0.760 0.765 0.694 
987.20 3.00 0.36  0.810 0.802 -0.979 
    
 
1245.70 3.00 0.36  0.850 0.832 -2.110 
1644.20 3.00 0.36  0.890 0.887 -0.379 
2014.50 3.00 0.36  0.920 0.924 0.385 
2476.50 3.00 0.36  0.950 0.958 0.861 





















    
 
Experimental Data of H. B. Liu research paper 
T (K) P (kPa) C1(kmol/m3) C2(kmol/m3)  Α(Target) A(Predicted) %Deviation 
323.15 21.18 1.53 0.17  0.468 0.417 -10.980 
44.00 1.53 0.17  0.589 0.597 1.315 
89.44 1.53 0.17  0.696 0.738 6.011 
271.90 1.53 0.17  0.851 0.856 0.587 
669.40 1.53 0.17  0.980 0.955 -2.512 
343.15 35.43 1.53 0.17  0.387 0.416 7.561 
71.29 1.53 0.17  0.492 0.536 8.969 
148.80 1.53 0.17  0.641 0.633 -1.239 
418.80 1.53 0.17  0.811 0.806 -0.586 
688.80 1.53 0.17  0.876 0.893 1.972 
323.15 17.78 1.35 0.35  0.500 0.393 -21.414 
41.14 1.35 0.35  0.609 0.597 -1.921 
89.43 1.35 0.35  0.707 0.754 6.606 
509.40 1.35 0.35  0.936 0.922 -1.525 
586.90 1.35 0.35  0.955 0.936 -2.010 
343.15 17.60 1.35 0.35  0.349 0.316 -9.358 
32.07 1.35 0.35  0.427 0.420 -1.548 
71.26 1.35 0.35  0.558 0.560 0.336 
243.80 1.35 0.35  0.759 0.724 -4.661 
296.30 1.35 0.35  0.790 0.755 -4.427 
303.15 16.73 3.15 0.35  0.477 0.453 -5.005 
54.24 3.15 0.35  0.642 0.667 3.847 
97.47 3.15 0.35  0.714 0.721 0.914 
    
 
247.50 3.15 0.35  0.812 0.779 -4.055 
407.50 3.15 0.35  0.842 0.867 2.960 
323.15 23.95 3.15 0.35  0.377 0.377 0.107 
42.97 3.15 0.35  0.455 0.467 2.570 
90.11 3.15 0.35  0.573 0.557 -2.801 
200.10 3.15 0.35  0.665 0.639 -3.952 
422.60 3.15 0.35  0.750 0.772 2.954 
343.15 33.86 3.15 0.35  0.287 0.303 5.573 
48.08 3.15 0.35  0.324 0.341 5.370 
178.00 3.15 0.35  0.470 0.465 -1.137 
368.00 3.15 0.35  0.591 0.602 1.926 
573.00 3.15 0.35  0.691 0.711 2.837 
363.15 19.88 3.15 0.35  0.147 0.169 14.674 
37.54 3.15 0.35  0.191 0.215 12.545 
82.54 3.15 0.35  0.247 0.265 7.212 
312.50 3.15 0.35  0.407 0.380 -6.573 
482.50 3.15 0.35  0.490 0.502 2.407 
303.15 15.60 2.80 0.70  0.506 0.440 -13.026 
48.43 2.80 0.70  0.647 0.659 1.847 
97.45 2.80 0.70  0.733 0.736 0.431 
202.50 2.80 0.70  0.793 0.777 -2.068 
460.00 2.80 0.70  0.880 0.908 3.151 
323.15 18.98 2.80 0.70  0.410 0.374 -8.739 
49.60 2.80 0.70  0.540 0.523 -3.059 
90.17 2.80 0.70  0.617 0.595 -3.512 
    
 
195.10 2.80 0.70  0.694 0.670 -3.500 
380.10 2.80 0.70  0.768 0.772 0.551 
343.15 19.24 2.80 0.70  0.274 0.276 0.580 
52.64 2.80 0.70  0.366 0.392 7.017 
73.14 2.80 0.70  0.410 0.426 3.879 
177.80 2.80 0.70  0.541 0.515 -4.824 
935.30 2.80 0.70  0.766 0.807 5.414 
363.15 17.37 2.80 0.70  0.198 0.174 -12.143 
25.37 2.80 0.70  0.221 0.202 -8.660 
37.19 2.80 0.70  0.254 0.232 -8.553 
157.20 2.80 0.70  0.401 0.330 -17.740 
412.20 2.80 0.70  0.540 0.499 -7.578 
323.15 42.15 4.77 0.53  0.318 0.348 9.345 
91.15 4.77 0.53  0.415 0.443 6.710 
326.20 4.77 0.53  0.649 0.612 -5.700 
508.70 4.77 0.53  0.706 0.684 -3.170 
753.70 4.77 0.53  0.760 0.730 -3.989 
343.15 35.83 4.77 0.53  0.193 0.201 4.334 
75.61 4.77 0.53  0.252 0.268 6.526 
203.10 4.77 0.53  0.396 0.370 -6.656 
460.60 4.77 0.53  0.529 0.563 6.420 
713.10 4.77 0.53  0.592 0.690 16.496 
323.15 14.34 3.75 1.55  0.349 0.346 -0.850 
46.49 3.75 1.55  0.454 0.496 9.290 
91.15 3.75 1.55  0.525 0.574 9.303 
    
 
278.30 3.75 1.55  0.650 0.668 2.745 
678.30 3.75 1.55  0.746 0.736 -1.383 
343.15 13.16 3.75 1.55  0.247 0.224 -9.481 
37.35 3.75 1.55  0.323 0.320 -0.956 
224.70 3.75 1.55  0.544 0.526 -3.222 
479.70 3.75 1.55  0.635 0.670 5.563 



















    
 
Experimental Data of B. Si Ali research paper 
T (K) P (kPa) C1(kmol/m3) C2(kmol/m3)  Α(Target) A(Predicted) %Deviation 
353.15 55.31 1.98 0.01  0.350 0.366 4.655 
27.57 1.98 0.01  0.250 0.271 8.237 
5.55 1.98 0.01  0.130 0.116 -10.818 
0.56 1.98 0.01  0.090 0.064 -28.991 
0.06 1.98 0.01  0.060 0.058 -2.937 
333.15 83.07 1.98 0.01  0.630 0.609 -3.363 
41.20 1.98 0.01  0.490 0.484 -1.214 
8.26 1.98 0.01  0.250 0.215 -14.191 
0.83 1.98 0.01  0.100 0.107 7.103 
0.08 1.98 0.01  0.070 0.095 35.494 
313.15 95.28 1.98 0.01  0.860 0.860 -0.029 
47.55 1.98 0.01  0.740 0.720 -2.645 
9.54 1.98 0.01  0.400 0.334 -16.505 
0.95 1.98 0.01  0.140 0.164 17.015 
0.10 1.98 0.01  0.080 0.144 80.525 
353.15 55.64 1.90 0.05  0.350 0.369 5.508 
27.49 1.90 0.05  0.230 0.271 17.903 
5.55 1.90 0.05  0.130 0.115 -11.541 
0.55 1.90 0.05  0.050 0.062 24.436 
0.06 1.90 0.05  0.040 0.057 41.483 
333.15 83.24 1.90 0.05  0.630 0.615 -2.338 
41.28 1.90 0.05  0.480 0.490 2.055 
8.29 1.90 0.05  0.250 0.218 -12.965 
    
 
0.83 1.90 0.05  0.070 0.109 55.158 
0.08 1.90 0.05  0.060 0.096 60.365 
313.15 95.78 1.90 0.05  0.820 0.868 5.812 
47.55 1.90 0.05  0.750 0.727 -3.047 
9.58 1.90 0.05  0.440 0.338 -23.220 
0.95 1.90 0.05  0.170 0.165 -2.791 
0.10 1.90 0.05  0.090 0.146 61.841 
353.15 55.48 1.80 0.10  0.360 0.374 3.780 
27.74 1.80 0.10  0.270 0.276 2.061 
5.58 1.80 0.10  0.150 0.116 -22.703 
0.55 1.80 0.10  0.070 0.062 -11.350 
0.06 1.80 0.10  0.060 0.056 -6.093 
333.15 83.07 1.80 0.10  0.600 0.624 3.995 
41.45 1.80 0.10  0.490 0.499 1.787 
8.31 1.80 0.10  0.230 0.222 -3.291 
0.83 1.80 0.10  0.110 0.112 1.552 
0.08 1.80 0.10  0.060 0.099 65.244 
313.15 95.78 1.80 0.10  0.830 0.878 5.726 
47.64 1.80 0.10  0.710 0.737 3.782 
9.59 1.80 0.10  0.460 0.343 -25.506 
0.95 1.80 0.10  0.180 0.168 -6.823 
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Data Prediction at PZ=0 
T (K) P (kPa) C1(kmol/m3) C2(kmol/m3)  Α(Target) A(Predicted) %Deviation 
297.70 20.00 1.98 0.00  0.0171 0.091451 434.803 
297.70 62.00 1.98 0.00  0.0342 0.092652 170.911 
297.72 114.00 1.98 0.00  0.0512 0.09425 84.083 
297.71 165.00 1.98 0.00  0.0648 0.095995 48.141 
297.71 256.00 1.98 0.00  0.0853 0.098681 15.687 
297.71 304.00 1.98 0.00  0.0971 0.099873 2.856 
297.70 402.00 1.98 0.00  0.1126 0.102797 -8.706 
297.72 477.00 1.98 0.00  0.1295 0.105265 -18.714 
297.73 546.00 1.98 0.00  0.1361 0.107384 -21.099 
297.72 716.00 1.98 0.00  0.1617 0.112345 -30.522 
297.70 1075.00 1.98 0.00  0.2042 0.122779 -39.873 
297.72 1593.00 1.98 0.00  0.2550 0.137587 -46.044 
297.67 1636.00 1.98 0.00  0.2625 0.138802 -47.123 
353.15 55.48 2.00 0.00  0.3400 0.366374 7.757 
353.15 27.57 2.00 0.00  0.2400 0.270576 12.740 
353.15 5.56 2.00 0.00  0.1200 0.116491 -2.924 
353.15 0.55 2.00 0.00  0.0700 0.064411 -7.984 
353.15 0.08 2.00 0.00  0.0500 0.059098 18.196 
333.15 82.91 2.00 0.00  0.6300 0.607157 -3.626 
333.15 41.37 2.00 0.00  0.4500 0.483687 7.486 
333.15 8.31 2.00 0.00  0.2400 0.214653 -10.561 
333.15 0.83 2.00 0.00  0.1000 0.106883 6.883 
    
 
333.15 0.06 2.00 0.00  0.0500 0.094329 88.657 
313.15 95.61 2.00 0.00  0.8000 0.858552 7.319 
313.15 47.72 2.00 0.00  0.7300 0.719758 -1.403 
313.15 9.53 2.00 0.00  0.4100 0.333113 -18.753 
313.15 0.96 2.00 0.00  0.1500 0.163779 9.186 
313.15 0.10 2.00 0.00  0.0800 0.144202 80.253 
 
 
